Regional lymph node metastasis is a critical event in oral tongue squamous cell carcinoma (OTSCC) progression. The identification of biomarkers associated with the metastatic process would provide critical prognostic information to facilitate clinical decision making for improved management of OTSCC patients. Global expressional profiles were obtained for 25 primary OTSCCs, where 11 cases showed lymph node metastasis (pN + ) histologically and 14 cases were nonmetastatic (pN À ). Seven of pN + cases also exhibited extracapsular spread (ECS) of metastatic nodes. Multiple expression indices were used to generate signature gene sets for pN +/À and ECS +/À cases. Selected genes from signature gene sets were validated using quantitative reverse transcription-polymerase chain reaction (qRT-PCR). The classification powers of these genes were then evaluated using a logistic model, receiver operating characteristic curve analysis, and leave-oneout cross-validation. qRT-PCR validation data showed that differences at RNA levels are either statistically significant (P < .05) or suggestive (P < .1) for six of eight genes tested (BMP2, CTTN, EEF1A1, GTSE1, MMP9, and EGFR) for pN +/À cases, and for five of eight genes tested (BMP2, CTTN, EEF1A1, MMP9, and EGFR) for ECS +/À cases. Logistic models with specific combinations of genes (CTTN+MMP9+EGFR for pN and CTTN+EEF1A1+ MMP9 for ECS) achieved perfect specificity and sensitivity. Leave-one-out cross-validation showed overall accuracy rates of 85% for both pN and ECS prediction models. Our results demonstrated that the pN and the ECS of OTSCCs can be predicted by gene expression analyses of primary tumors. Neoplasia (2006) 8, 925-932 
Introduction
Head and neck squamous cell carcinomas (HNSCCs) are a heterogeneous group of tumors that arise from the epithelium of the upper aerodigestive tract. HNSCC is the sixth most common malignancy in humans and is associated with high alcohol and tobacco use. Despite tremendous improvements in surgery, radiotherapy, and chemotherapy over the last decade, the prognosis for patients with HNSCC has been more or less unchanged for the past three decades. This is because patients continue to die from metastatic diseases at regional and distant sites. Improvement in patient survival requires an increased understanding of tumor metastasis so that aggressive tumors can be detected early in the disease process and targeted therapeutic interventions can be developed. Detection of local lymph node metastasis is pivotal for choosing appropriate treatment, especially for individuals diagnosed with HNSCC in the oral cavity or oropharynx [1] . Most of these individuals have their primary tumor removed. Treatment of individuals clinically diagnosed with lymph node metastasis (pN + status)
involves additional surgical removal of a substantial portion of the neck, including all five local lymph node levels [called radical neck dissection (RND)]. On histologic examination of removed tissues, 10% to 20% of clinically diagnosed pN + individuals turn out to be metastasis-free (pN À ) [2] . Clinical diagnosis of pN À status is even less accurate. Postoperative histologic examination shows that approximately one third of clinically diagnosed pN À individuals have metastasis-positive lymph nodes in the neck [3] . Currently, there are several different strategies for treating diagnosed pN À individuals [4] . In the ''watch-andwait'' strategy, diagnosed pN À individuals do not undergo any neck dissection; this risks fatality by allowing overlooked metastases to spread further. Because false-negative rate is very high, most clinics carry out neck surgery for all diagnosed pN À individuals. In these cases, supraomohyoid neck dissection (SOHND) is performed, which removes the three upper lymph node levels [5] . SOHND is less appropriate than RND for pN + individuals falsely diagnosed as pN À and, moreover, is completely unnecessary for individuals correctly diagnosed as pN À . Although SOHND is less rigorous than RND, the treatment causes disfigurement, long-term discomfort, and pain, and can lead to additional complications such as shoulder and neck disability [6 -9] . Both strategies result in inappropriate treatment because of limitations in reliably detecting lymph node metastasis. In addition to nodal metastasis, many studies have also suggested that extracapsular spread (ECS) of lymph node metastasis is one of the most important negative prognostic factors for several different cancer types [10 -13] , including head and neck cancers [14, 15] . The detection of ECS is currently performed by histologic examination of dissected lymph nodes, which is also prone to the same limitations as for current methods of nodal metastasis diagnosis. This points to an immediate need for new diagnostic strategies. Currently, no molecular biomarkers have been included in clinical work-up strategies for the detection of nodal metastasis and ECS. Because several genes have been reported in retrospective trials to yield prognostic information independently of Tumor -Node -Metastasis (TNM) classification, it is reasonable to hypothesize that molecular ''fingerprints'' that might define subgroups of patients with significantly more aggressive disease could exist. Tumor cells may progress via the bloodstream or the lymphatic system to colonize new areas of the body. Gene expression signatures of primary tumors have been identified in several tumor types for an increased risk of metastasis [16, 17] . The metastasis of HNSCCs is unique in that they metastasize mainly to regional lymph nodes through the draining lymphatics, where metastasis to distant sites is relatively uncommon. Several recent gene expression studies have suggested the existence of such fingerprints in primary tumors for the metastasis of HNSCC [18 -20] . In this study, we carry out a genomewide expression analysis of oral tongue squamous cell carcinoma (OTSCC) to identify these fingerprints for nodal metastasis as well as for ECS, and to further validate them using quantitative reverse transcription -polymerase chain reaction (qRT-PCR). Transcriptional profiling capable of predicting ECS phenotypes has not been reported previously; thus, our study should have high substantive significance.
Materials and Methods

Tumor Procurement and RNA Extraction
Discarded surgically resected tissues from T4 OTSCC patients were obtained for this study. This study has been approved by the Institutional Review Boards at the University of California at Los Angeles and the Institut Gustave-Roussy. These tissues were snap-frozen. Clinical characterizations of these patients are outlined in Table 1 . There are no significant statistical differences in age and gender among all patient groups (P > .1). Tumor stage was determined according to the designated classification of the American Joint Committee on Cancer.
Cancer tissues containing > 80% tumor cells, based on hematoxylin -eosin staining and pathological examination, were identified and selectively microdissected by a trained pathologist. Total RNA was isolated using RNeasy Mini kit (Qiagen, Valencia, CA) and was quantified by the RiboGreen RNA Quantitation Reagent (Molecular Probes, Carlsbad, CA).
Array Hybridization and Data Analysis
Fifty to 200 ng of purified total RNA was amplified by a modified T7 RNA amplification protocol, as described previously [21] . The Enzo BioArray High Yield RNA Transcript Labeling System (Enzo, Farmingdale, NY) was used for labeling the sample before hybridization. Biotinylated cRNA (IVT product) was purified using the RNeasy kit (Qiagen). The quantity and the purity of biotinylated cRNA were determined by spectrophotometry, and an aliquot of the sample was checked by gel electrophoresis. The sample was hybridized to the Affymetrix Human Genome U133 Plus 2.0 GeneChip arrays (Affymetrix, Santa Clara, CA) according to Affymetrix protocols. The arrays were scanned with a GeneChip Scanner 3000. The scanned array images were processed with GeneChip Operating software (GCOS). Microarray data were analyzed using three common microarray analysis methods, including the Affymetrix Microarray Analysis Suite version 5.0 (MAS 5.0) (which is now implemented in GCOS) [22] , the Model Based Expression Index (MBEI) from Li and Wong [23] (implemented in dChip), and Robust Multiarray Analysis (RMA) from Irizarry et al. [24] . Three separate candidate gene lists of similar sizes (f100 top genes) were generated by stringent statistical criteria of t-test statistics and by fold change for both pN and ECS groupings (99 and 103 transcripts were selected using dChip with P < .0033 and P < .00095 and > 1.9-fold and 2.02-fold change in intensity for pN and ECS, respectively; 99 and 98 transcripts were selected using MAS 5.0 with P < .018 and P < .015 and > 2.42-fold and 2.45-fold change in intensity for pN and ECS, respectively; 102 and 99 transcripts were selected using RMA with P < .002 and P < .002 and > 1.17-fold and 1.16-fold change in log intensity for pN and ECS, respectively). To narrow down candidate genes, a signature gene list was compiled by selecting genes present in at least two of three initial candidate gene lists. The rationale is that using a combination of several methods increases statistical power to detect a true biomarker, reduces chances of false-positives, and improves reproducibility in future validation experiments.
To display the consistency of the expression pattern of signature gene sets, we performed average linkage hierarchical clustering, an unsupervised method, and multidimensional scaling (MDS). The goal of hierarchical clustering is to graphically display the similarity between genes and samples. MDS is a visualization method used to project differences in gene expression patterns among samples into a multidimensional space and to reveal underlying structures that explain observed similarities among samples.
qRT-PCR
Based on their statistical significance and biologic relevance, selected candidate genes from the signature gene list were chosen for further validation using qRT-PCR. qRT-PCR was performed on all 25 cases of OTSCC, as described previously [25] . RNA was converted to first-strand cDNA using MuLV reverse transcriptase (Applied Biosystems, Foster City, CA), and qPCR was performed using iQ SYBR Green Supermix (Bio-Rad, Hercules, CA) in a Bio-Rad iCycler iQ real-time PCR detection system. All reactions were performed in triplicate. Melting curve analyses were performed to ensure the specificity of qRT-PCR. Primer sets used to test the expression of these selected candidate genes are listed in Table 2 . Data analysis was performed using the 2
ÀDDCt method described previously [26] , where b-actin was used as reference gene. qRT-PCR -based gene expression values between two groups were compared by nonparametric Wilcoxon test.
Prediction Models
To evaluate the classification power for each gene, receiver operating characteristic (ROC) curve analysis is performed based on a logistic model with a binary outcome of pN +/À (or ECS +/À ) as a dependent variable and with the qRT-PCR value of a candidate gene as an independent variable. The ROC curve shows sensitivity on the y axis and (1 À specificity) on the x axis for each possible cut point of fitted probabilities from the model. The area under the curve (AUC) was computed through numerical integration of the ROC curve, which measures the overall diagnostic/classification power. In addition, the set of sensitivity and specificity is shown using the best cut point value suggested, which minimizes the absolute value of sensitivity minus specificity. Multivariate classification models were also constructed to determine the best combination of selected ) groupings [27] . ROC analysis was performed on this model. We also used leave-one-out crossvalidation to evaluate the logistic regression model, as described previously [28] . In brief, this validation procedure removes one observation and finds the best logistic model using stepwise selection with the remaining cases. Then, we predict the class of the left-out case in the best logistic model. This procedure is repeated for each of the observations. The cross-validated accuracy rate is the percentage of all models that correctly predict the left-out sample.
Results
Global gene expression profiling was performed using Affymetrix GeneChip U133+2.0 array on 11 lymph node metastatic (pN + ) and 14 nonmetastatic negative (pN À ) OTSCC samples.
A signature gene set for pN + and pN À cases (33 genes; Table 3 ) was generated by integrating three microarray analyses (MAS 5.0, dChip, and RMA), as described in the Materials and Methods section. This signature gene set provides the classification value for the pN + and pN À groups (Figure 1 ). The hierarchical clustering misclassified one for each of two groups ( Figure 1A ). Apparent separation between pN + and pN À groups was observed on MDS ( Figure 1B ).
In our pN + patient cohort, seven had been clinically diag- Table 3 ) was generated by integrating three microarray analysis methods (MAS 5.0, dChip, and RMA), as described in the Materials and Methods section. This signature gene set can provide superb classification power for (Figure 2 ). The hierarchical clustering misclassified one for each of two groups (Figure 2A ). Apparent separation between ECS + and ECS À groups was observed on MDS ( Figure 2B ). qRT-PCR was performed to validate the expressional differences of eight candidate genes in the cases we used for global expression profiling study. As shown in Table 4 , differences in RNA levels are either statistically significant (P < .05) or suggestive (P < .1) for six of eight genes tested for pN À versus pN + (including BMP2, CTTN, EEF1A1, GTSE1, MMP9, and EGFR). For the ECS À and ECS + groups, five of eight genes tested show either statistically significant (P < .05) or suggestive (P < .1) differences in RNA levels (including BMP2, CTTN, EEF1A1, MMP9, and EGFR).
To test the prediction/classification power of these markers, a logistic model and ROC curve analysis were performed based on qRT-PCR results (Table 5) . CTTN and MMP9 show the best prediction powers (0.94 and 0.88 AUC, respectively, for pN; 0.88 and 0.95 AUC, respectively, for ECS). Specific combinations of markers (CTTN+ MMP9+EGFR for pN +/À ; CTTN+EEF1A1+MMP9 for ECS +/À ) that fit the data best achieved perfect specificity and sensitivity. As evaluated by leave-one-out cross-validation, 85% overall prediction accuracy rates were achieved for both specific marker combinations for pN +/À and ECS +/À . Our results demonstrated that pN metastasis and ECS can be predicted by gene expression analyses. This provides a foundation for further validation of the prediction/classification power of identified molecular markers in a large independent sample set.
Discussion
Lymph Node Metastasis and ECS of HNSCCs ECS of lymph node metastasis is one of the most important negative prognostic factors of HNSCCs [14, 15] . However, the underlying biology determining these aggressive features is largely unknown. Improvement in patient survival requires an increased understanding of tumor metastasis so that aggressive tumors can be detected early in the disease process and targeted therapeutic interventions can be developed. We used a global approach to uncover gene expression signatures associated with these aggressive features. Because our method covers most of the human transcriptome, the differentially expressed genes consistently seen in tumors with lymph node metastasis and ECS of the node are likely to be biologically important. In this study, we identified CTTN and MMP9 as consistently overexpressed genes in tumors with lymph node metastasis that best predict lymph node metastasis and ECS in our models.
It is important to note that prediction works better when expressions of several candidate genes were considered at the same time, suggesting a compounded effect of the genes on HNSCC progression. Although the precise role of classification models in predicting patients' clinical outcomes needs to be determined in future studies, our results suggest that these genes may be therapeutic targets for patients with HNSCC. More importantly, it suggests that targeting a combination of several of these genes may achieve therapeutic synergy to treat or prevent tumor cell spread and metastasis.
Rationale of Focusing on Tongue Cancer
It has been realized that head and neck cancers are groups of diverse cancers that develop from many different anatomic sites and are associated with different risk factors [29] and genetic characteristics [30] . In this study, we focused on OTSCC-one of the most common sites for HNSCC. OTSCC is significantly more aggressive than other forms of HNSCCs, with a propensity for rapid local invasion and spread [31] . It is possible that signature gene sets for tumor metastases of HNSCC originating from different anatomic sites maybe different. More studies will be needed to address this important question.
Discussion of Validated Candidate Genes
A set of candidate genes, including genes that are known to be involved in metastasis, such as MMP9 and CTTN, has been identified and validated in this study. MMP9 is a member of a group of secreted zinc metalloproteases, which, in mammals, degrade the collagen of the extracellular matrix. An elevated expression of MMP9 has been linked to metastasis in many different cancer types [32, 33] . CTTN has been shown to be an oncogene residing in the 11q13 region that is frequently amplified in HNSCC and breast cancer [34, 35] . Interestingly, cyclin D1, which also resides in the 11q13 and is often coupregulated with CTTN [36] , does not appear to be one of the most predictive markers for either pN metastasis or ECS. Our signature gene set also contains several candidate genes that are involved in tumorigenesis, such as BMP2 and EGFR. BMP2 is a member of the transforming growth factor-b superfamily, which controls proliferation, differentiation, and other functions in many cell types. EGFR is one of the most frequently amplified and mutated genes in many different type of cancers, including HNSCC [37, 38] . Other identified candidate genes, whose roles in the metastatic process have not been clearly defined, include GTSE1 and EEF1A1. GTSE1 is a microtubule-localized protein. Its expression is cell cycle-regulated and can induce G2/M-phase accumulation when overexpressed [39] . It has been demonstrated that GTSE1 downregulates the levels and activity of the p53 *The median value (25th to 75th percentiles) of the RNA level was computed with the 2 ÀDDCt method, as described previously [26] , where -actin was used as reference gene. tumor-suppressor protein and represses its ability to induce apoptosis after DNA damage [40] . The EEF1A1 gene codes for the a subunit of elongation factor-1, which is involved in the binding of aminoacyl-tRNA to 80S ribosome. The involvement of this gene with tumorigenesis is not clear.
Rationale of Using Multiple Microarray Analysis Methods for Identification of Candidate Genes
Several approaches for defining a measure of expression representing the amount of corresponding mRNA for each microarray probe set have been proposed. These include the Affymetrix MAS 5.0 (which is now implemented in GCOS) [22] , the MBEI from Li and Wong [23] (implemented in dChip), and the RMA from Irizarry et al. [24] (implemented in R). Each approach uses a different data preparatory procedure for normalization and background correction, and uses its own model to define the expression index. Consequently, expression indices will differ when applied to the same probe set data. These differences reflect varying biologic attributes that each mathematical model highlights. Previous studies (David Elashoff, Myungshin Oh, Nik Brown, Yang Li, David T. Wong, Steve Horvath, ''Empirical Study of the Influence of Expression Index on the Standard Statistical Analysis of Oligonucleotide Microarray Data,'' manuscript in preparation), as well as our own results here, have found a low level of overlap between gene lists produced by various methods, suggesting that a combination of methods can be used in the statistical analysis of oligonucleotide microarray data. This may be a reflection of the high false-positive rate in microarray-based studies. A stratagem will be needed to reduce these falsepositives. In addition, it is important to narrow down the candidate gene list for future validation and eventual implementation of these biomarkers in a clinical setting.
In this study, to narrow down candidate genes, a final signature gene set was compiled by selecting genes present in at least two of three initial candidate gene lists generated using dChip, MAS 5.0, and RMA. The rationale is that using a combination of several methods/gene lists will increase the statistical power to identify true biomarkers, reduce the chances of false-positives, and improve reproducibility in downstream validation experiments.
Requirement for Future Validation Studies with Independent Sample Sets
Our data (ROC analyses) showed the potential of using these candidate genes as biomarkers for the prediction/classification of lymph node metastasis and the ECS of OTSCC. Specific combinations of several markers provide further enhancement of prediction/classification power. Interestingly, several markers (CTTN and MMP9) provide superb classification power for both pN metastasis and ECS. This suggests that the same (or similar) functional/biologic events account for both pN metastasis and ECS phenotypes, and these phenotypes are a reflection of continuous progression of metastasis potential from pN metastasis to ECS. The specific thresholds for these markers and the roles used to combine these markers will most likely be different for the two distinct phenotypes. Additional studies on a larger sample sets are needed.
In summary, our results demonstrate the feasibility of using biomarkers discovered by global expression profiling analyses as potential biomarkers for the prediction/classification of OTSCC metastasis and ECS. These results, together with those from recent studies, will set the stage for translating this molecular genetic-based finding into clinically valid markers for the prediction and classification of HNSCC metastasis, pending future validation of these markers with large independent sample sets.
